ABSTRACT
INTRODUCTION
A frequently used analogy for the status of the genome project is that we know the parts list but not the wiring diagram. Proteins are responsible for most cellular functions, and understanding cellular wiring requires understanding how individual proteins assemble into larger complexes, and how complexes organize into pathways. For many biological functions, the build-up of complexity from proteins to complexes to pathways depends on specific protein-protein interactions.
Recent advances, in particular yeast two-hybrid screens (Phizicky et al., 2003) and mass spectrometric identification of protein complexes (Aebersold and Mann, 2003) , now provide the ability to perform genome/proteome-scale experiments from which protein-protein interactions can be identified or inferred. For budding yeast, published data sets provide evidence for nearly 50 000 unique interactions involving 75% of known open reading frames (ORFs) (Uetz et al., 2000; Ito et al., 2001; Tong et al., 2002; Gavin et al., 2002; Ho et al., 2002; Mewes et al., 2002) . Practical use of these data sets to extend our knowledge of biological networks has been limited for several reasons.
First, many of the interactions identified by high-throughput experiments must be considered putative. Interactions identified by the two-hybrid system may not be biologically relevant, or may result from self-activation of the reporter gene. Protein complexes assayed by mass spectrometry may include highly abundant proteins as contaminants. Published estimates of the fraction of biologically relevant interactions inferred from high-throughput methods range from 30 to 50% (Deane et al., 2002) .
Methods to extract high-confidence subsets have been based on taking the intersections between multiple data sets (von Mering et al., 2002) , combining protein interaction data with mRNA profiling (Kemmeren et al., 2002; Ideker et al., 2002) , or using topological criteria Hogue, 2002, 2003; Goldberg and Roth, 2003) . Unfortunately, these methods greatly reduce the amount of data for analysis. For example, the overlap between high-throughput data from two-hybrid experiments and mass spectrometry experiments for yeast contains only 387 interactions, corresponding to 6% of the two-hybrid data and 1% of the mass spectrometry data. While the minuscule overlap reflects the incompleteness of the two data sets, it also reflects that certain interactions are difficult or impossible to observe in one system or the other. Similarly, transcripts corresponding to interacting proteins need not show correlated expression (Jansen et al., 2002) , and filtering protein interaction pairs based on mRNA co-expression is overly strict.
A second barrier to using high-throughput data is that protein interaction networks have small-world topology (Watts and Strogatz, 1998; Barabasi and Albert, 1999; Jeong et al., 2001; Ravasz et al., 2002) , with only a few degrees of separation between pairs of proteins selected at random. Thus, using published yeast protein interaction data, most pairs of proteins are separated by no more than three pair-wise interactions. This small-world property defeats naive methods to identify complexes that follow protein-protein interaction links outward from a central protein-a large fraction of the network is covered within a small number of links.
Finally, given these challenges, algorithms to extract biologically relevant sub-networks have been limited. A common theme is to identify a network motif that occurs more often than expected by chance, then to list examples exhaustively for expert evaluation. One such motif is a k-core, a group of proteins in which each interacts with at least k other proteins in the group (Ito et al., 2001; Hogue, 2002, 2003) . Certain four protein sub-networks of varying topologies, typically involving one or more loops, are enriched in proteomics data (Milo et al., 2002) . Longer closed loops are also enriched, and the loop lengths showing enrichment can be identified with the number of links over which protein function is correlated .
Rather than an exhaustive search for generic network motifs, our focus here is to enable a directed query of protein interaction data to extract complexes and pathways involving specific proteins. We and others (Goldberg and Roth, 2003) have described methods to assess confidence in protein-protein interaction data. We showed that confidence scores predicted by a statistical model correlate favorable with annotations for biological process and cellular localization and with experimental evidence for genetic interactions and co-expression .
We now exploit these statistical measures of interaction confidence in an algorithm, SEEDY, that builds a network outward from seed proteins. A pre-determined confidence threshold for terminating network growth controls the trade-off between selectivity and sensitivity. After validating SEEDY using known protein complexes as input seeds, we examine a DNA repair pathway in detail. This example illustrates how SEEDY can be tuned to identify smaller, robust core complexes or larger, transient assemblies. We discuss evidence for crosstalk between pathways due to re-used components, and show how other high-throughput data may be merged with interaction data for improved systems-level understanding.
RESULTS AND DISCUSSION
Fifteen protein complexes obtained from the complexes catalog of the MIPS database (Mewes et al., 2002) were used to test the SEEDY algorithm (Table 1 ). The number of proteins per complex ranges from 10 (RSC complex) to 193 (transcriptosome), with a mean of 52. Some of these complexes represent collections of smaller complexes with related cellular roles, rather than a single well-defined complex. In a series of trials, we selected half of the proteins in a complex as seeds, extracted networks using confidence thresholds ranging from 0 (all interactions) to 1.0 (highest confidence interactions), and noted whether each of the other proteins in the complex was among the extracted proteins. This procedure was repeated using networks in which confidence scores had been permuted, but with the same topology as the original network.
The performance of the algorithm was evaluated with a receiver operating characteristic (ROC) curve (Fig. 1a) . The area-under-the-curve (AUC) using the actual confidence scores is 0.81 and for the randomized network is 0.73. The higher AUC value indicates that confidence scores provide a significant improvement for algorithms based on breadth-first outward traversal of a protein interaction network.
We define the impurity of the network as (falsepositives)/(false-positives + true-positives), which can be a more meaningful metric than the false-positive rate when the number of true-negatives is large. The confidence scores significantly increase the purity of the extracted networks for confidence thresholds of 0.5 and higher (Fig. 1b) . Notably, 0.5 was engineered in the statistical model to separate a b high-confidence and low-confidence interactions. Confidence score thresholds ranging from 0.5 (64% true-positive rate, 4.7% false-positive rate, 6.0% purity) to 0.8 (34% truepositive rate, 0.2% false-positive rate, 39% purity) represent a reasonable trade-off between sensitivity and selectivity. We note that reported impurity levels may be inflated due to incomplete annotations and, more fundamentally, component re-use between complexes.
We investigated the Mec1p/Tel1p DNA repair network in greater detail (Rouse and Jackson, 2002) . Defects in this network lead to genome instability, and many mutations are lethal. Distinct complexes within the network include phosphatidyl-inositol 3-kinase-like protein kinases (PIKKs Mec1p, Tel1p, Lcd1p), proliferating cell nuclear antigen-like sliding clamp complexes (PCNAs Rad17p, Ddc1p, Mec3p), a replication factor C-like complex (RFC with Rfc2-5p and Rfc1p replaced by Rad24p), an adapter protein (Rad9p) and downstream effector kinases (Rad53p, Chk1p). Many of the events leading to recognition of DNA damage, recruitment of complexes to the site of damage and downstream signaling remain unclear. This network is conserved in humans as the ATR/ATM network. Mutations in ATM are responsible for ataxia telangiectasia and cancer predisposition, and mutations in hCHK2, a human homolog of Rad53p, are also predisposing to cancer. Increased knowledge of the function of this pathway in yeast is therefore relevant to human disease.
We used the known components of this pathway as seeds and extracted networks with confidence levels ranging from 0.5 to 0.65 (Fig. 2) . The top panel suggests a mechanism for loading the Rad53p complex onto the Mec1p/Lcd1p complex with interactions bridged by HHO1p or Hir3p. Although HHO1p has been identified as a putative linker histone based on sequence homology, its actual function remains uncertain: the domain structure is different from linker histones in other eukaryotes; no phenotype has been reported for the deletion mutant; and the copy number is 37× lower than the expected 1 linker per nucleosome (Freidkin and Katcoff, 2001 ). Hir3p regulates histone transcription levels and mutations increase Ty1 retrotransposition rates (Qian et al., 1998) . These bridging interactions disappear in the subsequent panel as the confidence level is increased to 0.55.
Our results also suggest a mechanism for the association of the PCNA-like complex with the PIKKs. We identify Suv3p, an RNA helicase responsibly primarily for mitochondrial RNA maintenance and degradation, as a potential member of the PCNA-like complex. It is interesting to note that the human ortholog of Suv3p has strong dsDNA helicase activity (Minczuk et al., 2002) . We show evidence for an interaction between Suv3p and Sgs1p, a RecQ DNA helicase that is important for genome stability.
Cross-talk between pathways is evident in the RFC-like complex. The network extracted with confidence 0.5 shows Rad24p and Rfc1p as both part of a single complex. This picture results from a superposition of the RFC complex normally responsible for DNA replication with an RFC-like complex that functions in the DNA repair pathway. The crosstalk appears due to re-use of most of the RFC subunits in both pathways. Genetic interactions, shown as red lines in the figure and added subsequent to network extraction, indicate that the RFC and RFC-like complexes may compensate for each other. Thus, low levels of cross-talk may be favored for buffering against genetic defects.
In conclusion, we have developed an algorithm, SEEDY, to extract biologically relevant networks from high-throughput protein interaction data. This algorithm exploits recently introduced confidence metrics for protein-protein interactions. Tests using known complexes as seeds demonstrate how a single adjustable parameter, the network confidence, can adjust the balance between sensitivity and selectivity. We then used resampling to establish an empirical calibration between the network confidence and the statistical significance of the extracted network.
A more-detailed examination of DNA repair pathways illustrates additional points. First, networks extracted by SEEDY revealed interactions that may be responsible for combining known, robust complexes into larger, transient assemblies. Second, components that are re-used in different pathways may cause distinct complexes to coalesce into a single, superimposed complex, creating networks with apparent cross-talk. Additional sources of data, for example mRNA transcriptional levels or protein abundances, may be useful in distinguishing which complexes are active at any particular time. Genetic interactions that couple proteins used in distinct complexes indicate that some level of cross-talk may be favored as a buffer to genetic defects.
METHODS

Confidence scores for protein-protein interactions
Details of the confidence score model are provided elsewhere . In brief, separate networks were built from high-throughput two-hybrid data (Uetz et al., 2000; Ito et al., 2001; Tong et al., 2002) , literature two-hybrid data (Mewes et al., 2002) and mass spectrometry data (Gavin et al., 2002; Ho et al., 2002) . Self-interactions were removed from the two-hybrid data, and all possible pair-wise interactions were inferred for proteins within a complex in the mass spectrometry data. A training set was generated automatically by comparing the two networks: pairs of proteins close together in both networks were selected as positive examples, and proteins connected in one network and far apart in the second network were selected as negative examples. A logistic regression model was fit to the training set separately for two-hybrid and mass-spec interactions, with training set examples weighted to shift the dividing surface between low and high confidence to 0.5. Explanatory variables for the twohybrid statistical model were based on the data source (1/0 if the interaction appeared in the Uetz, Ito core or literature data), the number of interaction partners of each protein and the number of proteins connected to both proteins in an interaction. Explanatory variables for the mass-spec model were based on the number of times a pair occurred as baithit or hit-hit (spoke versus matrix), the number of complexes that contained each protein and the number of complexes that contained both proteins. These models were then used to predict confidence scores in the range 0 (lowest confidence) to 1 (highest confidence) for each of the 47 783 pair-wise interactions in the full data set. When an interaction appeared in both two-hybrid and mass-spec data, the higher confidence score was taken.
Random networks
Random networks for generating empirical distributions of cluster sizes were generated by permuting the confidence scores of the interactions. The network topology was unchanged during the randomization.
Greedy algorithm
Pseudo-code for the greedy algorithm implement by SEEDY is provided below. The priority queue was implemented with a max-heap, yielding a running time of O[(E + V ) log V ] for V proteins and E interactions (Cormen et al., 2001) . The SEEDY algorithm is isomorphic to a single-source shortest path search, with the queue initialized to have multiple entries at distance 0, if the length of an interaction is identified with the negative logarithm of its confidence score. Each heap operation takes log(N ) time, where N is the number of elements in the heap. The maximum number of elements in the heap is the number of proteins in the network, and each protein is only added to the heap once, resulting in a complexity of E + N log(N ). On an average, each network extraction took 3.4 s (Pentium III 750 MHz CPU, 128 MB RAM, Red Hat Linux). 
Input
Scoring
Half of the proteins in each complex (rounding down) were selected randomly to serve as seeds. We then restricted attention to the remaining complex proteins (the targets) which actually occurred among the 4627 proteins in the complete interaction network. After network extraction, we counted true-positives as the number of extracted targets, false-negatives as non-extracted targets, false-positives as extracted non-seeds, non-targets and true-negatives as the remainder of the 4627 network proteins. The 50/50 split was repeated five times for each complex, and a new confidence score randomization was generated for each 50/50 split. Networks were extracted at confidence threshold intervals of 0.1 from 0 (returning any connected component containing a seed) to 0.5, then at intervals of 0.05 up to the highest threshold of 1.
